The ability to automatically detect certain types of cells or cellular subunits in microscopy images is of significant interest to a wide range of biomedical research and clinical practices. Cell detection methods have evolved from employing hand-crafted features to deep learning-based techniques to locate target cells. The essential idea of these methods is that their cell classifiers or detectors are trained in the pixel space, where the locations of target cells are labeled. In this paper, we seek a different route and propose a convolutional neural network (CNN)-based cell detection method that uses encoding of the output pixel space. For the cell detection problem, the output space is the sparsely labeled pixel locations indicating cell centers. Consequently, we employ random projections to encode the output space to a compressed vector of fixed dimension. Then, CNN regresses this compressed vector from the input pixels. Using L 1 -norm optimization, we recover sparse cell locations on the output pixel space from the predicted compressed vector. In the past, output space encoding using compressed sensing (CS) has been used in conjunction with linear and non-linear predictors. To the best of our knowledge, this is the first successful use of CNN with CS-based output space encoding. We experimentally demonstrate that proposed CNN + CS framework (referred to as CNNCS) exceeds the accuracy of the state-of-the-art methods on many 1 arXiv:1708.03307v2 [cs.CV] 22 Sep 2017 benchmark datasets for microscopy cell detection. Additionally, we show that CNNCS can exploit ensemble average by using more than one random encodings of the output space. In the AMIDA13 MICCAI grand competition, we achieve the 3rd highest F1score in all the 17 participated teams. More ranking details are available at
Introduction
Automatic cell detection is to find whether there are certain types of cells present in an input image (e.g. microscopy images) and to localize them in the image. These targets might also refer to cellular subunits (mitotic figures, nucleus, apoptotic debris) but in the rest of the manuscript are referenced as cells. It is of significant interest to a wide range of medical imaging tasks and clinical applications. An example is breast cancer, where the number of proliferating tumor cells (involved in cell cycle) is an important indicator associated with the severity of the disease. Fig. 1 shows histological images of breast cancer with annotated mitotic figures which indicate some proliferative status.
Cell detection and localization constitute several challenges that deserve our attention.
First, target cells are surrounded by clutter represented by complex histological structures like capillaries, adipocytes, collagen, etc. In many cases, the target cell is small in size, and consequently, almost indistinguishable from the clutter. Second, the target cells can appear very sparsely (only in tens), moderately densely (in tens of hundreds) or highly densely (in thousands) in a typical 2000-by-2000 pixel high resolution microscopy image. Additionally, significant variations in the appearance among the targets can be seen (mitotic figures as shown in Figure 1 are characteristically quite variable). These challenges render the cell detection/localization/counting problems far from being solved at the moment, in spite of significant progresses in computer vision research.
Extended object detection, such as detection of humans and vehicles, have witnessed much progress in the computer vision community. For example, Region-based Convolutional Neural Networks (R-CNN) [15] and its variants [14] , [33] , Fully Convolutional Networks (FCN) [35] with recent optimization [32] have become the state-of-the-art algorithms for the extended object detection problem. Unfortunately, these solutions cannot be easily translated to small object localization, because assumptions and challenges are different for the latter. For example, for an extended object, localization is considered successful if a detection bounding box is 50% overlapping with the actual bounding box. For small object localization, tolerance is typically on a much tighter side in order for the localization to be meaningful. In the last few decades, different cell recognition methods had been proposed, most of them depended on segmentation of cells that is summarized by Meijering [13] . Classically, it includes some basic image processing techniques, such as intensity thresholding, feature detection, morphological filtering, region accumulation, and deformable model fitting. For example, a popular choice is blob detector using Laplacian-of-Gaussian (LoG) filter [24] that offers many interesting texture properties and have been attempted for cell detection task [1] .
To summarize, conventional cell detection approaches follow a "hand-crafted feature representation"+"classifier" framework. First, detection system extracts features as the representation of input images. Image processing techniques offer a range of feature extraction algorithms, such as Sobel operator, histogram of oriented gradients (HOG) [8] , scale-invariant 3 feature transforms (SIFT) [28] , local binary pattern (LBP) [31] , etc. After feature extraction, machine learning based classifiers (e.g., support vector machine) work on the feature vectors to identify or recognize regions containing target cells or clutter. While being a powerful technique, "hand-crafted feature representation"+"classifier" approaches suffer from the following limitations:
(1) It is a non-trivial and difficult task for humans to select suitable features for detection of certain cells. In many cases, it requires significant prior knowledge about the task/data to find suitable features that can discriminate target cells and background.
(2) Additionally, most hand-crafted features contain many parameters that are crucial for the overall performance. But, the users need to perform a lot of trial-and-error experiments to tune the parameters.
(3) Usually, one particular feature is not versatile enough-the feature may often be tightly coupled with a particular type of target cell and may not work well when presented with a different type of target cell.
(4) The performance of a hand-crafted feature-based classifier soon reach an accuracy plateau, even when trained with plenty of training data.
In comparison, feature learning by deep neural networks recently has been applied to a variety of computer vision problems, and has achieved better performance on several benchmark vision datasets [25] , [15] , [35] over the classical approaches with hand-crafted features.
The most compelling advantage of deep learning is that it has evolved from fixed feature design strategies towards automated learning of problem-specific features directly from target data [27] . By providing massive training images and problem-specific labels, users do not have to go into the elaborate procedure for the extraction of features. Instead, deep neural network (DNN) is subsequently optimized using a mini-batch gradient descent method over the training data, so that the DNN allows autonomic learning of implicit relationships within the data. For example, shallow layers of DNN focus on learning low-level features (such as edges, lines, dots), while deep layers of DNN form more abstract high-level semantic representations (such as probability maps, or object class labels).
With the advent of deep learning in the computer vision community, it is no wonder that the state-of-the-art methods in cell detection are based on convolutional neural network (CNN) [25] . For example, one such system [41] published in 2015, employs a fully convolutional network (FCN) [35] , a close cousin of CNN, to predict the density map of cells. A cell density map is a heat-map that defines the number of cells per square area at any given pixel location. Next, post processing is attributed to extract centroid locations of the cells from the density map.
In this work, deviating from past approaches, we introduce output space encoding in the cell detection and localization problem. Our observation is that the output space of cell detection is quite sparse: an automated system only needs to label a small fraction of the total pixels as cell centroid locations. Based on the aforementioned observation, we are motivated to apply compressed sensing (CS) techniques in the cell detection task. First, a fixed length, compressed vector is formed by randomly projecting the cell locations from the sparse pixel space. Next, a deep CNN is trained to predict the encoded, compressed vector directly from the input pixels (i.e., microscopy image). Then, L 1 norm optimization is utilized to recover sparse cell locations.
We refer to our proposed cell detection framework as CNNCS (convolutional neural network + compressed sensing).
Output space encoding/representation/transformation sometimes yields more accurate predictions in machine learning [9] , [38] . In the past, CS-based encoding is used in conjunction with linear and non-linear predictions [17] , [23] , [20] . We believe, the proposed CNNCS is the first such attempt to solve cell detection and localization that achieved excellent competitive results on benchmark datasets.
There are several advantages of using CS-based output encoding for cell detection and localization. First, the compressed output vector is much shorter in length than the original sparse pixel space. So, the memory requirement would be typically smaller and consequently, there would be less overfitting. Next, there are plenty of opportunities to apply ensemble average to improve generalization. Furthermore, CS-theory dictates that pairwise distances are approximately maintained in the compressed space [10] , [11] . Thus, even after output space encoding, the machine learner still targets the original output space in an equivalent distance norm. From earlier research, we also point out a generalization error bound for such systems.
The rest of the paper is organized as follows. In section 2 the background and related work on cell detection and localization is explored. In section 3, we provide a detailed description of CNNCS. In section 4, experiments are reported. Section 5 concludes and points out future directions.
Background and Related Work
In this section, we provide essential contexts for the proposed CNNCS framework.
General Object Detection
Prior to deep learning, object detection pipeline consisted of feature extraction followed by classifiers or detectors.
Handcrafted feature based approaches
Computer vision problems like image classification and object detection had traditionally been addressed using the handcrafted features like SIFT [28] , HOG [8] , LBP [31] , etc. SIFT (Scale Invariant Feature Transform) [28] was introduced by Lowe in 1999, and later became the basis for the popular Bag-of-Visual-Words model [43] for object recognition. SIFT was a robust solution to the problem of comparing image patches, for example, when we take multiple images of the same physical object while rotating the camera, the SIFT descriptors 
Deep learning based approaches
In 2012 during the ImageNet classification competition, which involved the task of classifying an image into one of a thousand categories, for the first time, a Convolutional Neural Network (CNN) based deep learning model [25] brought down the error rate on that task by almost a half, beating traditional, hand-crafted feature approaches. CNN, a particular form of deep learning models, have since been widely adopted by the computer vision community.
In particular, the network trained by Alex Krizhevsky, popularly called AlexNet [25] had been used and modified for various vision problems. After that, several milestone networks (VGGNet [21] , ResNet [16] , Inception nets [36] and DenseNets [18] among many others) have been proposed since 2012. Deep learning has become one of the most influential methods in computer vision, and achieved successes in most major computer vision tasks like classification [25] , [16] , [18] , detection [15] , [14] , [33] , [32] and semantic image [35] and video segmentation [39] .
Deep Learning for Cell Detection and Localization
Recently, a Fully Convolutional Network (FCN) [35] was proposed for the image segmentation problem and had shown remarkable performance. Soon after the FCN is proposed, [41] presented a FCN-based framework for cell counting, where their FCN is responsible for predicting a spatial density map of target cells, and then the number of cells can be estimated by an integration over the learned density map.
Once again, state-of-the-art methods in detection and localization today include deep learning techniques for cell detection and localization. Mitosis detection has been proposed by CNN-based prediction followed by ad-hoc post processing in [7] . Recently, expectation maximization has been utilized within deep learning framework in an end-to-end fashion for mitosis detection [34] . A cascaded network has been proposed for the same task more recently [6] , which is in principle similar to the FCN-based method [41] that tries to predict a probability map. 7 
Compressed Sensing
During the past decade, compressed sensing or compressive sensing (CS) [10] has emerged as a new framework for signal acquisition and reconstruction, and has received growing attention, mainly motivated by the rich theoretical and experimental results as shown in many reports [11] , [12] , [10] , and so on. As we know, the Nyquist-Shannon sampling theorem states that a certain minimum sampling rate is required in order to reconstruct a band-limited signal.
However, CS enables a potentially large reduction in the sampling and computation costs for sensing/reconstructing signals that are sparse or have a sparse representation under some linear transforms (e.g. Fourier transform).
Under the premise of CS, an unknown signal of interest is observed (sensed) through a limited number of linear observations. Many authors [11] , [12] , [10] have proven that it is possible to obtain a stable reconstruction of the unknown signal from these observations, under the general assumptions that the signal is sparse (or can be represented sparsely with respect to a linear basis) and matrix incoherence. The signal recovery techniques typically rely on convex optimization with a penalty expressed by L 1 norm, for example orthogonal matching pursuit (OMP) [2] and dual augmented Lagrangian (DAL) method [37] . compressed and encoded vector y. The encoding scheme can also be more sophisticated as discussed later. Then, a training pairs, each consisting of a cell microscopy image and the signal y, train a CNN to work as a multi-label regression model. We employ the Euclidean loss function during training, because it is often more suitable for regression. Image rotations may be performed on the training sets for the purpose of data augmentation as well as making the system more robust to rotations.
During testing, the trained network is responsible for outputting an estimated signalŷ for each test image. After that, a decoding scheme is designed to predict the cell location by performing L 1 minimization recovery on the estimated signalŷ, with the known sensing matrix.
Cell Location Encoding and Decoding Scheme

Encoding Schemes
In our experiments, we employ two types of random projection-based encodings as described below. After the vector f is generated, we apply a random projection. CS theory guarantees that f could be fully represented by linear observations y:
Scheme-1: Encoding by Reshaping
provided the sensing matrix Φ satisfies the restricted isometry property (RIP) condition [11] , [12] . In many cases, Φ is typically a M × N (M N = hw) random Gaussian matrix. Here, the number of observations M is much smaller than N , and obeys: M ≥ C M klog(N ), where C M is a small constant greater than one.
Scheme-2: Encoding by Signed Distances
For the encoding scheme-1, the space complexity of the interim result f is O(w * h).
For example, to encode the location of cells in a 260-by-260 pixel image, scheme-1 will produce f as a 67,600-length vector; so that in the subsequent CS process, a huge sensing matrix in size of M -by-67600 is required in order to match the dimension of f , which will make the system quite slow, even unacceptable once meeting with larger images. To further optimize the encoding scheme, we propose a second scheme, where the coordinates of every cell centroid are projected onto multiple observation axes. We refer the second encoding scheme as "Scheme-2: Encoding by Projection".
To encode location of cells, we create a set of observation axes OA = {oa l } , l = 1, 2, . . . , L,
where L indicates the total number of observation axes used. The observation axes are uniformly-distributed around the image space (See Fig. 3 , left-most picture) For the l-th observation axis oa l , the location of cells is encoded into a R-length (R = √ w 2 + h 2 ) sparse signal, referred as f l (See Fig. 3, third picture) . We calculate the perpendicular signed distances (f l ) from cells to oa l . Thus, f l contains signed distances, which not only measure the distance, but also describe on which side of oa l cells are located. After that, the encoding of cell locations under oa l is y l , which is obtained by the following random projection:
We repeat the above process for all the L observation axes and obtain each y l . After concatenating all the y l , l = 1, 2, . . . , L, the final encoding result y is available, which is the joint representation of cells location. The whole encoding process is illustrated by Fig. 3 . to the same bin in a particular observation axis, such a conflict will not occur for the same set of cells at other observation axes.
Decoding Scheme
Accurate recovery of f can be obtained from the encoded signal y by solving the following L 1 norm convex optimization problem:
Afterf is recovered, every true cell is localized L times, i.e. with L candidate positions predicted. The redundancy information allows us to estimate more accurate detection of a true cell.
The first two images of Fig We utilize CNN to build a regression model between a cell microscopy image and its cell location representation: compressed signal y. We employ two kinds of CNN architectures.
Signal Prediction by Convolutional Neural Network
One of them is AlexNet [25] , which consists of 5 convolution layers + 3 fully connected layers;
the other is the deep residual network (ResNet) [16] where we use its 152-layer model. In The trained CNN not only predicts the signal from its output layer, the feature maps learned from its Conv layers also provide rich information for recognition. Fig. 5 visualizes the learned feature maps, which represents the probabilistic score or activation maps of target cell regions (indicated by green boxes in the left image) during training process. It can be observed that higher scores are fired on the target regions of score masks, while most of the non-target regions have been suppressed more and more with training process going on.
Multi-Task Learning
To further optimize our CNN model, we apply Multi-Task Learning (MTL) [5] . During training a CNN, two kinds of labels are provided. The first kind is the encoded vector: 
Theoretical Justification Equivalent Targets for Optimization
We first show that from the optimization standpoint, compressed vector is a good proxy for the original, sparse output space. This result directly follows from the CS theory. As Proof: According to the CS theory, a sensing matrix Φ ∈ R m×d should satisfy the (k, δ) − restricted isometry property ((k, δ) − RIP ), which states that for all k−sparse f ∈ R d , δ ∈ (0, 1), the following holds [11] , [12] , [10] :
Note that if the sensing matrix Φ satisfies (2k, δ)-RIP, then (4) also holds good. Now replace f with (f g − f p ) and note that (f g − f p ) is 2k-sparse. Thus,
From the right hand side inequality, we note that if f g − f p is small, then y g − y p would be small too. In the same way, if y g − y p is large, then the inequality implies that f g − f p would be large too. Similarly, from the left hand side inequality, we note that if f g − f p is large then y g − y p will be large, and if y g − y p is small then f g − f p will small too.
These relationships prove the claim that from the optimization perspective y g − y p and f g − f p are approximately equivalent.
A Bound on Generalization Prediction Error
In this section we mention a powerful result from [17] . Let h be the predicted compressed vector by the CNN, f be the ground truth sparse vector,f be the reconstructed sparse vector from prediction, and Φ be the sensing matrix. Then the generalization error bound provided in [17] is as follows:
where C 1 and C 2 are two small constants and sperr measures how well the reconstruction algorithm has worked [17] . This result demonstrates that expected error in the original space is bound by the expected errors of the predictor and that of the reconstruction algorithm.
Thus, it makes sense to apply a very good machine learner such as deep CNN that can minimize the first term in the right hand side of (6). On the other hand, DAL provides one of the best L 1 recovery algorithms to minimize the second term in the right side of (6). 15 4 Experiments
Datasets and Evaluation Criteria
First, we describe five cell datasets, on which the proposed method and other comparison methods are evaluated. The first dataset [22] involves 100 H&E stained histology images of colorectal adenocarcinomas. The second dataset [3] consists of 200 highly realistic synthetic emulations of fluorescence microscopic images of bacterial cells. The third dataset [42] comprises of 55 high resolution microscopic images of breast cancers double stained in red (cytokeratin epithelial marker) and brown (nuclear proliferative marker). The fourth dataset is the 2012 ICPR Mitosis contest dataset [26] including 50 high-resolution (2084-by-2084) RGB microscope slides of Mitosis. The last dataset is the AMIDA-13 challenge dataset [40] , which contains a total of 606 breast cancer histology images, belonging to 23 patients.
Suspicious breast tissue are collected and stained using hematoxylin and eosin (H&E), then the dotted annotation was done by at least two expert pathologists. For each dataset, the annotation that represents the location of cells is shown in Fig.6 , details of datasets are summarized in Table. 1. For evaluation, we adopt the criteria of the 2012 ICPR Mitosis contest [26] , a detection would be counted as true positive (T P ) if the distance between the predicted centroid and ground truth cell centroid is less than ρ. Otherwise, a detection is considered as false positives (F P ). The missed ground truth cells are counted as false negatives (F N ). In 
Experiments with Encoding Scheme-1
To evaluate, we carry out experimental performance comparison with CNNCS and three state-of-the-art cell detection methods ("FCN-based" [41] , "Le.detect" [4] , "CasNN" [6] ). In this experiment, the scheme-1: encoding by reshaping is applied in CNNCS.
For the four methods to provide different values of Precision-Recall as shown in Fig. 7 , we tune hyper parameters of every method. With scheme-1, CNNCS has a threshold T to apply on the recovered sparse signalf before re-shaping it to a binary image B. T is used to perform cell vs. non-cell binary classification and can be treated as a hyper parameter during training. In "FCN-based" [41] , there is also a threshold applied to the local probability-maximum candidate points to make final decision about cell or non-cell.
Similarly, in the first step of "Le.detect" [4] , researchers use a MSER-detector (a stability threshold involved here) to produce a number of candidate regions, on which their learning procedure determines which of these candidates regions correspond to cells. In the first experiment, we analyze the three methods using Precision-Recall curves by varying their own thresholds. based" [41] drops much faster. This can be attributed to the fact that "FCN-based" [41] works by finding local maximum points on a cell density map. However, the local maximum operation fails in several scenarios, for example when two cell density peaks are close to each other, or large peak may covers neighboring small peaks. Consequently, to obtain the same level of recall, "FCN-based" [41] provides many false detections. Furthermore, it also can be observed that CNNCS has an improvement over "Le.detect" [4] (red line clearly outperforms black line under varying recall values). This can be largely explained by the fact that traditional methods (no matter if [4] or [41] is used) always try to predict the coordinates of cells directly on a 2-D image. The coordinates are sensitive to system prediction bias or error, considering the nature of cell detection that cells are small and quite dense in most cases. It is not surprising that "Le.detect" [4] will miss some cells and/or detect other cells in wrong locations. In comparison, CNNCS transfers the cell detection task from pixel space to compressed signal space, where the location information of cells is no longer represented by {x, y}-coordinates. Instead, CNNCS performs cell detection by regression and recovery on a fixed length compressed signal. Compared to {x, y}-coordinates representation, the compressed signal is more robust to system prediction errors. For example, as shown in Fig. 5 , even though there are differences between the ground-truth compressed signal and predicted compressed signal, the whole system can still give reliable detection results as shown in Fig. 7 .
To get a better idea of the CNNCS method, we visualize a set of cell images with their detected cells and ground-truth cells in Fig. 8 . It can be observed that CNNCS is able to accurately detect most cells under a variety of conditions. 
Experiments with Encoding Scheme-2
Since the 2012 ImageNet competition, convolutional neural networks have become popular in large scale image recognition tasks, several milestone networks (including AlexNet [25] , VGGNet [21] , etc) have been proposed. Recently, deep residual network (ResNet) introduces residual connections into deep convolutional networks and has yielded state-of-the-art performance in the 2015 ILSVRC challenge [16] . This raises the question of whether there is any benefit in introducing and exploiting more recent CNN architectures into the cell detection task. Thus, in this section, we are exploring the performance of CNNCS with different neural network architectures (AlexNet and ResNet). Table 2 .
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Compared to the state-of-the-art method, CasNN-average [6] , CNNCS with ResNet and MTL achieved a better performance with F 1 -score 0.837 also outperforming all other methods by a significant margin. It can be observed that both precision and recall have increased compared to all other methods, but the overall increase of F 1 -score can be contributed to the improvement of precision. As seen in Fig.9 provides nine examples of our detection results. Similar to the experiment on MITOSIS dataset, we also perform random search on a validation set to optimize the hyper parameters. The best performance on AMIDA dataset is achieved when M = 103, L = 30, λ = 0.2. Table 3 summarizes comparisons of CNNCS with other methods.
For the AMIDA13 MICCAI grand competition [40] , we employed ResNet as the network architecture with data balancing in the training set. Furthermore, we apply the following ensemble averaging technique during testing to further increase precision and recall values.
Originally, we have partitioned every 5657-by-5657 AMIDA-13 test image into about 100 non-overlapping patches. Instead of starting the partitioning from the top-left corner of an AMIDA image, now we set the starting point of the first patch from {offset, offset}. The offset values are set as 0, 20, 40,..., 160, and 180 (i.e. every 20 pixel) resulting in a total of 10 different settings. Under every offset setting, CNNCS method is run on all the generated patches and provides detection results. Then, we merge detection results from all the offset settings. The merging decision rule is that if there are 6 or more detections within a radius of 9 pixels, then we accept average of these locations as our final detected cell center. Finally, we achieve the third highest F1-score in all the 17 participated teams. More ranking details are available at http://amida13.isi.uu.nl/?q=node/62. 
Conclusions and Future Directions
This paper demonstrates that deep convolutional neural network can work in conjunction with compressed sensing-based output encoding schemes toward solving a significant medical image processing task: cell detection and localization from microscopy images. We showed that CNN combined with the ensemble averaging provided by CS can beat or be competitive with state-of-the art methods on benchmark datasets. In the future, we plan to apply an endto-end training to our CNNCS framework. Within this end-to-end framework, the decoding by L 1 optimization will also be included. The end-to-end framework has the potential optimize output encoding by modifying random projection matrices according to training data.
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